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Abstract 
 
The Building Energy Management Systems (BEMS) that are installed in commercial and institutional buildings contain a gold 
mine of data, which could be exploited for the purpose of ongoing commissioning of heating, ventilation and air-conditioning 
systems. Two applications are presented in this paper. First the paper discusses the feasibility of a virtual air flow meter to 
estimate the outdoor air flow rate brought in the air-handling units. Second the paper presents the development of benchmarking 
models of electric demand of chillers in terms of measurements of the following variables: the chilled water flow rate, the supply 
air flow rate at the air-handling unit, and the return chilled water temperature. 
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1. Introduction 
 
Several authors presented the potential use of trend data from the Building Energy Management Systems (BEMS) 
in the ongoing commissioning of commercial and institutional buildings [1-6]. The trend data is like a gold mine, 
which could be exploited for the purpose of ongoing commissioning. Rather than using a system already installed in 
the building, Torcellini et al. [7] recommended the use of a dedicated system for the monitoring of required 
variables. Although the quality and diversity of measurements could be higher, the cost of a second monitoring 
system normally adds to the construction budget; without financial incentives or research budgets, there are not 
many investors ready for such additional costs. 
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The authors of this paper found that the use of trend data from BEMS is a cost-effective solution to providing the 
necessary data for the ongoing commissioning. This paper presents the use of trend data for two applications, using 
measurements from a new research building: 
1. The feasibility of a virtual air flow meter to estimate the outdoor air flow rate brought in the air-handling units 
(AHUs). 
2. The development of benchmarking models of electric demand of chillers. The measured electric demand at time t 
is compared with the predicted electric demand at time t (used as the benchmark), which is calculated in terms of 
measurements of regressors at time t and t-1. The difference could indicate an abnormal performance of the chiller. 
 
 
2. Case study building 
 
The case study building is the research center of Structural and Functional Genomics (Genome Building) of 
Concordia University, in Montreal. The building has five levels including a basement and a mechanical room on the 
penthouse. It includes laboratories, offices, conference rooms and a data center in the basement. There are two 
variable air volume handling units (AHUs), installed in parallel, which supply a maximum air flow rate of 42.5 m3/s. 
If needed, the supplied air is reheated by variable air volume boxes installed in the occupied zones. The cooling 
coils installed in the AHUs are supplied by a chilled water loop installed on the campus. The cooling plant has two 
centrifugal chillers of 3165 kW (900 tons) cooling capacity, connected in parallel. 
The BEMS is controlled by the Siemens APOGEE software. It records every 15 minutes measurements from 
about 350 sensors. For this study, we used measurements of the outdoor air temperature (TOA), the mixing air 
temperature (Tm), the return air temperature (Tr), the supply air volumetric flow rate (VS), the return air volumetric 
flow rate (Vr), the supplied chilled water volumetric flow rate leaving the central plan (VCHWL), the electric power 
input to chillers (Power), the return chilled water temperature (TCHWR), and the supply air volumetric flow rate of 
AHUs (VAHU). 
 
 
3. Virtual air flow meter for the outdoor air intake in the air-handling units 
 
A virtual flow meter is used to estimate the value of a physical variable in the heating, ventilating and air- 
conditioning (HVAC) system where a physical sensor does not exist. For this purpose, a mathematical model is used 
along with measurements from available sensors in the system. Examples of such virtual meters are presented in [8- 
10]. In many large new buildings, the outdoor air flow intake is not measured, because the flow meters are 
considered to be of lower priority when the budget reductions are imposed on projects. 
In this study, a virtual air flow meter was developed to estimate the outdoor air intake in the AHUs. For practical 
purposes, the result is presented as the ratio (α1) of the outdoor air flow rate (VOA) to the supply air flow rate (VS) of 
AHUs (Equation 1): 
 
α1 = VOA / VS (1) 
 
The proposed virtual air flow meter estimates the outdoor air ratio (α2) from the energy balance applied to the 
mixing box of AHUs along with measurements of the mixing air temperature (Tm), the outdoor air temperature 
(TOA) and the return air temperature (Tr) (Equation 2). The variation of air density and specific heat within the range 
of temperature measurements is neglected. 
 
α2 = (Tm − Tr)/(TOA − Tr) (2) 
 
In this study, the measurements of the supply air flow rate (VS) and return air flow rate (Vr) are available from 
trend data; and they are used to calculate the outdoor air flow rate VOA (Equation 3) and the ratio α1. 
VOA = VS  - Vr (3) 
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The predictions of α2 are then compared with the measured α1, to test the performance of the virtual air flow 
meter. The results do not show a consistent trend; sometimes the predicted α2 compares well with the measured α1; 
while other times α2 underestimates α1. We defined the following hypothesis H0: the ratios α2 and α1 compare well 
when the representative air temperature differences of Equation 2 are greater than the uncertainty of temperature 
measurements. 
As an example, Figure 1 compares the ratio α2 (predicted by the virtual air flow mater) and the ratio α1 (from  
the air flow measurements). For July 4, 2013, using the measurements from 5:30 AM to 10:45 PM, the average α2 is 
estimated as 0.71, which compares well with the average α1 of 0.80; this is an underestimation of 10.7%. 
 
 
 
 
Fig. 1. Variation of α1 and α2 with time on July 4, 2013 from 5:30 AM to 10:45 PM. 
 
The uncertainty of measurements of the temperature difference Tm-Tr is calculated as presented in Equation 4, 
based on the average temperature of air leaving the two mixing boxes (i.e., Tm1 and Tm2) and the return air 
temperature Tr [11]. 
 
U1 = [(UTm1)2 + (UTm2)2 + (UTr)2]0.5 (4) 
UT = [BT2 + t·  SDT/n0.5]0.5 (5) 
 
where: UT is the overall uncertainty of temperature measurements; BT is the uncertainty in the fixed (biased) 
component; BTm = BTr =0.6°C and BTOA = 0.3°C; SDT is the standard deviation for the random component; SDTm1 = 
SDTm2 = 2.40°C, SDTr = 0.54°C, and SDTOA= 3.95°C; t = 1.645 is the t-value statistics reference at the 95% 
confidence level for the sample size n = 385. Those values correspond to the measurements between July 4 and July 
10, 2014, which are recorded every 15 minutes. The uncertainty of measurements of the temperature difference (Tm- 
Tr) was calculated as U1 = 1.06°C. In a similar way, the uncertainty of measurements of the temperature difference 
(TOA –Tr) was calculated as U2 = 0.72°C. 
The analysis of results proved that the hypothesis H0 is true, that is α2 compares well with the measured α1, when 
the following two conditions are fulfilled over the time interval of analysis: 
 
1) ∆T1 = Tm – Tr > U1  = 1.06°C; 
2) ∆T2 = TOA – Tr > U2  = 0.72°C. 
The trend data has a few cases, recorded between 3:00 AM and 7:00 AM, when Tm is greater than TOA by 0.06 – 
0.60°C. Most likely this is due to the uncertainties of measurements, when the outdoor air temperature in the 
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morning is almost equal or slightly lower than the mixing air temperature. In those cases, the predicted ratio α2 is 
greater than 1, which is an abnormal result. To avoid that such cases, we added the third condition: 
 
3) ∆T3 = TOA – Tm > 0°C. 
 
4. Benchmarking models of electric demand of chillers 
 
4.a Benchmarking model with three regressors measured at time t 
 
In the ongoing commissioning, the measurements of electric demand of chillers is compared with some 
benchmarks (i.e., reference values extracted during the normal operation of equipment) to flag abnormal performance. 
The trend data can be used for the development of such benchmarks. The values of a set of regressors, measured at 
time t, are used to predict the electric demand at time t. 
We opted for the use of a multivariate linear regression model of the electric demand of chillers, Power, in kW, 
(Equation 6) with three regressors: the supplied chilled water flow rate leaving the central plant (VCHWL); the return 
chilled water temperature (TCHWR); and the supply air flow rate of AHUs (VAHU). The supply chilled water temperature 
is controlled at 6.8°C. 
 
Powert = a ·  Vt t CHWR + c ·  V
t
 + Ct (6) 
 
The regression coefficients a, b and c were determined with STATGRAPHICS software [12] from a training data 
set of seven days (August 16 to August 22, 2013): a = 3424.06 kW/(m3/s), b = 58.46 kW/°C, c = 4.16 kW/(m3/s), 
Ct= -698.02 kW. Statistical indices were also calculated over the training data set: R2 = 0.94, RMSE = 56.79 kW, 
and CV(RMSE) = 0.13. 
Equation (6) along with the regression coefficients a, b and c were used to estimate the benchmarks of the normal 
operation of chillers over the following week, from August 23 to August 31, 2013. The comparison between the 
predicted benchmarks and measured electric demand (Figure 2), and the statistical indices, RMSE = 54.16 kW, and 
CV(RMSE) = 0.11, show good agreement. 
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Fig.2 Predicted benchmarks with three regressors at time t vs measurements of the electric demand of chillers from August 23 to August 31. 
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4.b Benchmarking model with three regressors measured at times t and t-1 
 
The values of the same set of regressors (see section 4.a), measured at times t and t-1, are used to predict 
the electric demand at time t (Equation 7). 
 
Powert = a1· Vt + b1· Vt + c1· Tt + a2 ·  Vt-1 + b2 ·  Vt-1 + c2 ·  Tt-1 + Ct1 (7) 
 
The regression coefficients a1, a2, b1, b2, c1, c2, and Ct were determined with STATGRAPHICS software [12] 
from the same training data set of seven days (August 16 to August 22, 2013): 
a1 = 4.74 kW/(m3/s), b1 = 2243.9 kW/(m3/s), c1 = 58.44 kW/°C, a2 = -1.51 kW/(m3/s), b2 = 1329.1 kW/(m3/s), 
c2 = 9.37 kW/°C, Ct1 = - 806.36 kW. 
A statistical index was also calculated over the training data set: R2 = 0.95. 
Equation (7) along with the regression coefficients a1, a2, b1, b2, c1, c2, and Ct1 were used to estimate the 
benchmarks of the normal operation of chillers over the following week, from August 23 to August 31, 2013. The 
comparison between the predicted benchmarks and measured electric demand (Figure 3), and the statistical indices, 
RMSE = 49.8 kW and CV(RMSE) = 0.11, show good agreement. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig.3 Predicted benchmarks with three regressors at times t and t-1 vs measurements of the electric demand of chillers from August 23 to 
August 31. 
 
 
 
 
5. Conclusions 
 
The paper presented two examples of use of trend data from BEMS: (1) the feasibility of a virtual air flow meter 
for the outdoor air brought in AHUs, and (2) the development of benchmarking models for the electric demand of 
chillers. In both cases, the proposed models along with trend data from the BEMS gave good estimates to the 
variables of interest: 1) the ratio of the outdoor air flow rate to the supply air flow rate of AHUs, and 2) the 
benchmarks of the electric demand of chillers. 
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